Abstract: Four iterations of the New Zealand Land Cover Database have been produced from satellite imagery for nominal dates of 1996/97, 2001/02, 2008/09 and 2012/13. These data may be used to estimate changes in area for land cover classes of interest. However, these estimates are subject to uncertainty, which can be significant, particularly when change in area is small. Changes in indigenous vegetation classes are of interest for a number of applications, including monitoring threatened environments. Here we show how the combination of exhaustive sampling of change polygons with random 'truth' sampling can be used to estimate the uncertainty of area change. We demonstrate the method on five important indigenous covers: indigenous forest, broadleaved indigenous hardwoods, manuka and/or kanuka, tall tussock grassland, and subalpine shrubland. For these classes, we estimate their area in 2008/09 and the change of area between 2001/2002 and 2008/09. Areas were estimated to within plus or minus 5%. Change in areas were estimated to within plus or minus 10% of change for classes with a large change in area, and to within plus or minus 30% for the classes with a small change in area. We anticipate similar uncertainties for estimated changes in area between the other dates and for other classes. The number of random 'truth' samples required for this assessment was very high, in excess of 30 000. Many more samples would be required to further lower the uncertainties.
Introduction
The New Zealand Land Cover Database (LCDB) is a regularly updated national map of land cover. Thus far it has been produced from satellite imagery at four different dates: 1996/97, 2001/02, 2008/09 and 2012/13 . The first map was produced by manually drawing polygons on SPOT imagery. Subsequent updates of the database have been made through automatic detection of spectral changes in satellite imagery (both SPOT and LANDSAT), which facilitates an efficient change-site-based update rather than green-fields mapping (i.e. only those areas identified as having changed are remapped rather than everywhere being remapped). The processing of satellite imagery to standardised spectral reflectance, necessary for the change detection, is described by Dymond et al. (2012) . Revised polygons may be automatically drawn by the spectral change detection, or redrawn manually if the automatically generated boundaries are not thought sufficiently accurate when overlain on the satellite imagery.
The regular updating of LCDB makes it useful for regional and national reporting of indigenous cover in New Zealand. Walker et al. (2006) used it to assess the proportions of historic ecosystems remaining and this was updated by Cieraad et al. (2015) . However, due to an absence of accuracy estimates of change there has been some contention about the conclusions of these studies (Brockerhoff et al. 2008; Walker et al. 2008) . The national indicator 'Indigenous Cover and Protection in Land Environments ' (Statistics New Zealand 2015) also uses the LCDB to estimate the area of land environments remaining in indigenous cover. The LCDB is used because it is regularly updated (~6 yearly) and has a high overall mapping accuracy (>90%; Dunningham et al. 2000 ; Land Cover Database v3.0).
However, even though the overall mapping accuracy is known, it is not known how well the LCDB can report the area of individual classes nor how well it can report the change in area of a class.
Methods for reporting map accuracy have been long established (Van Genderen et al. 1978) . They are based on a contingency table (i.e. the 'confusion matrix') of mapped classes versus 'true' classes, which are populated by randomly sampled points of concurrent mapped and 'truth' classes. The proportion of samples correctly mapped is used as an indicator of map accuracy, termed the overall map accuracy. However, users often wish to report the areas of individual cover classes and their associated uncertainties. Card (1982) showed how the confusion matrix could also be used to adjust the map area of a cover class for bias and thence infer uncertainty. He showed that an unbiased estimator for class area was merely the sum of proportions in the true class column of the confusion matrix.
Conceptually, the same approach can be applied to a change map constructed from two land cover maps at different dates (Biging et al. 1999; Foody 2002) . A confusion matrix can be formed from mapped change classes versus true change classes. However, the number of columns and rows are now many more than the single date confusion matrix, and many more samples are required to achieve reasonable accuracy (Biging et al. 1999) . Indeed, many of the change classes are rarely populated with samples, creating significant estimation difficulties. Some authors have suggested methods for improving sampling efficiency of change maps, such as grouping change classes (Olofsson et al. 2014) or exhaustive sampling of some change classes (Dymond et al. 2008) .
Here, we estimate how accurately the area and change in the areal extent of individual cover classes may be determined from the LCDB. We choose five important indigenous classes, based on abundance, as examples: indigenous forest, broadleaved indigenous hardwoods, mānuka and/or kānuka, subalpine shrubland, and tall tussock grassland. The method requires a random sample of points stratified by map class to determine how well the mapping compares with truth (Card 1982) . A systematic correction can then be made to area and area change estimates, and the uncertainty of that systematic correction can be determined statistically. However, the number of samples required to achieve a low uncertainty is very high for the area change estimates (Dymond et al. 2008 All versions of the LCDB have employed visual interpretation and manual digitising, informed and assisted by remote sensing and image processing and classification of multi-spectral satellite imagery. LCDB v1 was created de novo from classified SPOT satellite imagery with polygons either captured directly from the classified imagery or manually digitised. The original classification to 16 land cover classes was expanded to 43 for LCDB v2 and polygon boundaries were significantly refined by manual digitising over Landsat 7 ETM+ satellite imagery. Mapping of this second (2001/02) time step was informed by a 'difference layer' created by comparison between 1996/97 and 2001/02 imagery and an extensive field checking phase sought to verify the mapping (Thompson et al. 2003) .
LCDB v3 and v4 consolidated and refined the mapping process by first rationalising the classification to 33 mainland classes, then smoothing polygon boundaries to remove latent artefacts of the early raster mapping, and finally aligning the mapping with the standard topographic coastline. Improved imagery and image classification techniques, combined with resource limitations, prompted a decision to not undertake widespread field checking. Instead, ancillary data and stakeholder reviews were built into the mapping workflow. Change mapping remained a manual on-screen process, but was assisted by improved imagery difference detection, supporting imagery including aerial photography, contributing datasets (such as New Zealand's Kyoto Land Use mapping and regional wetland mapping), and both geographic and thematic error-correction workflows. Figure 1 shows the five important indigenous classes in LCDB v4.1 for 2012/13. Both the North and South Islands have large tracts of indigenous forest, and the South Island also has large tracts of tall tussock grassland. Subalpine shrubland is also common in the South Island. Both Islands have sporadic distributions of mānuka and/or kānuka and broadleaved indigenous hardwoods. Table 1 shows the area of the five indigenous classes as mapped by LCDB v4.1. Table  2 shows the change in the areas between the four different mapping dates, as well as the change in area between the beginning and end dates. The question is how accurate, or uncertain, are these estimates?
Methods
Uncertainty of class area A common method for estimating the uncertainty of the area of a class in a land cover map is to randomly sample a large number of points on the map (Card 1982; Dymond et al. 2008) . At each point, the mapped class is compared with the 'true' class and the sample is placed in a contingency table to record the frequency of the possible outcomes. The 'true' classes ideally should be determined on the ground to make 'ground-truth', but this is often too costly when there are many samples so 'true' classes are commonly determined by visual interpretation of imagery (Olofsson et al. 2014) , as is the case here. Not only is determining ground-truth costly, but there are often problems with access, such that missed sites can compromise statistical validity. Visually interpreted data may be used in place of ground-truth provided they are of higher quality than the land cover maps (Olofsson et al. 2014) .
Our truth data come from visual interpretation of a time sequence of satellite imagery (1990 Landsat TM, 1996 /97 SPOT, 2001 /02 Landsat TM, 2008 and 2009 natural colour SPOT Maps (Harris MapMart -SPOTMaps), the latter at 2.5 m pixel resolution. The five different dates of imagery gave superior contextual information to the two dates used for the land cover maps (2001/02 and 2008/09) and the higher spatial resolution of the SPOT Maps also gave superior textural information. Interpretation was based on documented experience of how real ground features relate to spectral signatures (Thompson et al. 2003) .
Photo-interpreters used customised software to move from sample point to sample point while viewing co-registered windows of imagery. Images were nominally displayed at 1:50 000 scale, but could be zoomed to 1:10 000 when necessary with a single button press. For single sample points, the actual land cover of a 1 ha square surrounding the point was compared with that recorded in the land cover map. For polygon samples, the actual predominant land cover of the polygon was compared with that recorded in the land cover map.
Errors in mapped land cover change primarily come from four sources: (1) failure to identify true change through automatic detection of spectral change; (2) delineation of change polygon boundaries; (3) operator error; and (4) photointerpretation error.
The visually interpreted truth data will minimise type (2) and type (3) errors through greater care and attention than possible in the mapping process, and will also minimise type (4) errors through access to greater contextual and textural information. Therefore, we assume that our truth data are of higher quality than the mapped data, as required by Olofsson et al. (2014) , and the sampling system will assess type (1) errors.
Conversion of frequency to probability by dividing by the number of samples will result in a probability table like Table  3 for an example class, in this case forest. The probabilities in the first column of Table 3 , that is, p1 and p2, may be summed to obtain the probability of a sample actually being forest. It follows that an estimate of the 'true' area of forest, as opposed to the mapped area, is then given by (p1+p2) times the area of New Zealand, A. The estimated 'true' area of forest can either be higher or lower than the mapped area of forest and represents a correction to systematic error in the mapped area. The variance of the 'true' area may then be estimated by the variance of (p1+p2).
Estimated 'true' area of forest
and
where the variance of p i is that of the well-known binomial distribution:
where n is the number of random samples.
To make sampling efficient, stratified random sampling is usually adopted. In this methodology, more samples are allocated to larger or more variable cover types (Cochran 1977, p. 109) . Thus the probabilities in Table 3 would be the probability of occurrence in the strata weighted by the proportion of the strata in New Zealand. For example, in Table  3 , under random sampling stratified by map class:
where P (F|f) is the probability of occurrence of F in the f stratum and P (f) is the proportion of the f stratum in New Zealand.
Likewise under random sampling stratified by map class, the variance of a probability in Table 3 would then be the weight squared times the variance of the probability of occurrence in the stratum (Dymond et al. 2008) : (5) where n f is the number of samples in the f stratum.
For each of the five indigenous covers to be assessed for uncertainty of area, we collected truth data at 300 random points in each map class and at 9600 random points elsewhere. For example, for indigenous forest we collected truth data at 300 random points in the area mapped as indigenous forest and at 9600 random points elsewhere. Likewise for the four other important indigenous covers.
Uncertainty of change in class area
The method for estimating the uncertainty of change in class area uses a probability table as described in the previous section. However, there are more classes to consider now, with each class being a pair of classifications (at first and second date): see Table 4 . For example, if a sampled point changes from being mapped as forest to being mapped as non-forest, it is denoted fg.
The true area of forest loss is given by the sum of probabilities in column FG times the area of New Zealand, A. And the true area of gain of forest is given by the sum of probabilities in column GF times A. These may be subtracted to get the net change in forest area. The variance may be estimated similarly to equation (2) where variances are again of the binomial distribution.
For each of the five indigenous covers to be assessed for uncertainty of change, we collected truth data exhaustively for all change polygons involving change in the indigenous cover. We collected truth data from 20 000 random points elsewhere. For example, for indigenous forest we collected truth data from 20 000 random points in the area mapped as not having a change from or to indigenous forest, and we exhaustively sampled elsewhere. Table 5 shows the sampling results for indigenous forest. Of the 300 random samples in mapped indigenous forest (i.e. f ), three were not actually indigenous forest (i.e. they were actually G) and the rest (297) were actually indigenous forest (i.e. they were actually F) . Of the 9600 random samples in non-indigenous forest (i.e. g), 104 were actually indigenous forest and the rest (9496) were not actually indigenous forest. When samples of mapped indigenous forest are actually indigenous forest they are counted as fF, otherwise they are counted as fG. The other 9600 samples of mapped classes not belonging to indigenous forest are counted in either gF or gG, depending on whether they were actually indigenous forest or not. Table 5 contains the number of samples. These may be converted to area (Table 6 ) by multiplying the area of the strata (f or g) by the proportion of samples in the strata. For example, the area in fF is 6311 thousand ha times 297/(297+3), which is 6247 thousand ha. Likewise, the area in gF is 20 531thousand ha times 104/(104+9496), which is 222 thousand ha.
Results

Area of indigenous cover classes
The estimated true area of indigenous forest is simply the addition of the areas in column F, that is 6247 thousand ha plus 222 thousand ha, which makes 6469 thousand ha. The variance of the estimated true area is the variance of '6247' plus the variance of '222'. The variance of '6247' is estimated using equation (5) with n f = 300, P(f) = 6311/(6311+20 531), and P (F|f) = 297/(297+3), all from Table 5 . Likewise the variance of '222' is estimated using equation (5) with n g = 9600, P(g) = 20 531/(6311+20 531), and P(F|g) = 104/(104+9496), again from Table 5 . Tables 5 and 6 show the workings for indigenous forest only. Results only for the other important indigenous covers are shown in Table 7 . The uncertainties at the 95% confidence level are all less than 7% with that of indigenous forest being the smallest at 1.3%.
Area change of indigenous cover classes
Many samples are required before an adjusted change in area can be estimated with certainty. We sampled 20 000 random points on areas mapped as not having changed (i.e. ff or gg) between 2001/02 and 2008/09. We have minimised the variance in the fg and gf cells in Table 8 by exhaustively sampling all change polygons (i.e. fg, or gf). This involved revisiting every polygon that involved a change to or from the mapped class, which is indigenous forest in this example. The effort required for this was reasonable as there are typically in the order of a few thousand polygons of change to check. Table 8 shows the estimated areas from the sampling of mapped change versus actual change for indigenous forest (2001/02-2008/09). The estimated actual area of forest lost is the sum of 4.2 thousand ha, 0.0 thousand ha, and 0.0 thousand ha, which makes 4.2 thousand ha. The strata fg-FG and gf-FG are sampled exhaustively, so their variance is zero. The 'ff or gg' stratum has been randomly sampled with 20 000 points and not one has been recorded as FG. This estimated variance of the binomial distribution is zero, but it could easily have been non-zero (i.e. the true probability of map error will always be non-zero), so we conservatively set the variance as if there had been one sample in the FG cell. The adjusted area of forest loss is then 4.2 (±0.6) thousand ha. Likewise, the adjusted area of forest gain is given by 0.0 thousand ha (±0.0) Table 9 shows the adjusted change in area for the main indigenous covers and their associated uncertainties.
Discussion
We have shown how 'truth' sampling of the LCDB was able to produce adjusted estimates of area of land cover classes for 2008/09. These adjustments account for systematic errors in the mapping process. The variance of the adjustments may be estimated and used to characterise uncertainty. For indigenous forest, the adjusted area was estimated accurately, to within ±1.3%. The uncertainties for tall tussock grassland and mānuka and/or kānuka were also small, at less than 5%. However, for subalpine shrublands and broadleaved indigenous hardwoods, the uncertainties were moderate, exceeding 5%. This higher uncertainty is primarily due to their smaller areas in total. How may we use these results to infer uncertainties of the area of indigenous cover at dates other than 2008/09? If we were to undertake 'truth' samples of LCDB at those dates, involving in the order of 10 000 samples, we would obtain similar percentage uncertainties because change between the dates is relatively small, at a few percent only. So we expect the uncertainty of classes with an area greater than one million hectares to have an uncertainty of less than ±5%. We currently do not have the resources to assess a further 30 000 random samples at each of the other three dates of the LCDB, so we will use plus or minus c. 5% as an indicative uncertainty.
Many more 'truth' samples would be required to further reduce uncertainties. For example, to halve the uncertainty of reported change in indigenous forest from 15% to 7.5% would require 80 000 random samples in addition to the exclusively sampled change polygons. This highlights the necessity of using visual interpretation of imagery for 'truth' data. Ground inspection of sampled sites, while desirable because it can observe data not possible by visual interpretation, is significantly more labour intensive and therefore less likely to achieve a sufficiently large number of samples. An example of data not observable by interpretation is the partial confusion matrix of Mason et al. (2012) (involving 1243 ground-truth samples), which showed that 29% of samples mapped as shrubland by the LCDB were observed to be indigenous forest. On the ground, canopy height can be observed and a height criterion (of 5 m) used to separate the two classes. Visual interpretation, on the other hand, relies on using the spectral signature, which is primarily controlled by species composition and condition of the canopy. In the future, canopy height models from LiDAR may be available for the LCDB to use a height-based separation between indigenous forest and shrubland. As a percentage, the uncertainty of change in cover class area is comparatively much higher than the uncertainty of cover class area alone. This is because the areas of change are much smaller than total areas. Total land-cover change in New Zealand over a period of four years is only of the order of a few percent. For tall tussock grassland and indigenous forest, the change area can be reported to less than ±15%. For mānuka and/or kānuka and broadleaved indigenous hardwoods, the change in area can only be reported to less than ±50%. For subalpine shrublands, which have a small total area, the change area can only be reported to less than plus 200% (and minus 100%). Our reported uncertainties may be acceptable for the tall tussock grassland and indigenous forest classes, but not for the other classes. Hence, much more intensive sampling is required to reduce the uncertainties. Higher classification accuracy would also reduce uncertainties, but this would be difficult to achieve with the current imagery set. In the meantime, an indicative uncertainty of plus or minus ~10% may be used for the larger change classes, and plus or minus ~30% for the smaller classes (excluding tall tussock grassland).
The results here show there is uncertainty with using the LCDB to estimate areas of land covers in New Zealand. However, we have quantified this uncertainty by comprehensive truth sampling of over 30 000 samples (as opposed to the 67 of Brockerhoff et al. 2008) , involving both omission and commission errors as indicated necessary by Walker et al. (2008) . This uncertainty should be taken into account in analyses of area of indigenous cover, such as that of Walker et al. (2006) who estimated the proportion of indigenous cover remaining in historical ecosystems. The uncertainty of these proportions should be of the same order as the ±5% estimated in this paper for the areas of indigenous cover classes, thus justifying the six threat categories proposed by Walker et al. (2006) . However, the higher uncertainty of estimating change in area may have a significant impact on reporting change in threat category for some ecosystems.
Conclusions
A sample of 'truth' data may be used to estimate the uncertainty of areal change as given by the LCDB. An exhaustive sample of change polygons improves the efficiency significantly, but the number of samples required to achieve acceptable uncertainty is very high -over 30 000. When the method was applied to the changes in area of five important indigenous covers between 2001/02 and 2008/09, uncertainties of the order ±10% were achieved for the larger change classes and ±30% for the smaller classes. We anticipate similar uncertainty for area change between other dates and for other classes. When the method was applied to area alone of the five indigenous covers at 2008/09, uncertainties of the order of ±5% were achieved. We anticipate similar uncertainty for area at the other dates. 
